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Th AL 3 AR 25 T8 0 ) e LR 1) R, e 2 SE I E B . H AT A W A 28 1) R AR N RARIEZ IR M 2 AT S B E 2 A
TEAL 25 [ S AR B AR A2 BT 32 6yE, B AT LARII 45 H () 82 2 RS2 P38 SR AR DG TE 48 | AR T A WL At 288 1) 8 ) 225 788 7 3
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Research on Machine Reading Comprehension Method Based on

MHSA and Syntactic Relations Enhancement

ZHANG Hu' WANG Yu-Jie! TAN Hong-Ye!' LI Ru'

Abstract Machine reading comprehension (MRC), which aims to understand the question and the relevant article
to answer questions automatically, is an important research task in natural language processing. Recently, the multi-
task joint learning research combining opinion question solving and answer evidence mining has attracted much at-
tention. Although methods proposed by such researches always provide both the answer and the relevant evidence
simultaneously, neither are the existing methods handling the opinion-type questions good at identifying the clues to
the answer, nor are the previous methods mining the answer evidence good at capturing the dependency relation-
ship between words in the given paragraph. Therefore, the method to solve the opinion-type questions has been im-
proved by further exploring the related text clues within the given reading materials through utilizing multi-head
self-attention (MHSA); a multi-hop reasoning method realizing the mining of supporting sentences to the answer
has been developed by integrating syntactic relation into the construction process of the element graph; a multi-task
joint learning model for MRC has been constructed by optimizing the two sub-tasks jointly. Experiments on MRC
datasets of CAIL2020 (China AI Law Challenge 2020) and HotpotQA show that the proposed method can provide
better results than the existing baseline models.
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TE—EEF B AT 55 MRC ALY 1 [ 25 5 43w DL
NFEIKF

fi# BERT (Bidirectional encoder represent-
ations from transformers)® ST 251 5 B A1) H
B, BB MRC AR 55 1 S286 45 A5 5 1K
T, IBZBATE SQuAD (Stanford question an-
swering dataset)! L O L 7 ANFK
N T BRI R HERE RE /), IR 2 MRC
AN 7RSS, A /A “ATT
[ ) @, SQuAD2.0P 7£ SQuAD (Lt 36 0
TANAT I 0] @ CoQA (Conversational question
answering)!? & — M Z X EF MRC 4%, B 1
RV R Beam i, 2 /5 AT R DL A H
[1]%F: CJRC (Chinese judicial reading comprehen-
sion)” &N SCEE MRC S5 4E, MR A
1 BO B o2 /5 5 ANAT Bl & e . SR, A0
RS R MRC LSS, LA B s BRI AR AN
REfF 2 N BRI gs IR, WA 2RI B & R EA
ECE R EE NI, — R EE 2 A0 FHER S
. BRI, ST S In) R, R LR B B A
BEE 25 R, IF Hoan RARE A RHE CEEAES,
R A% 4 12 ) R 5 AN W] Bl 2%

N S AE [R]85 1) 5 B8 I IS, ANASCRT DL )
R S8, T EL AT DAZS H SCPE 5 SR At . o8, B
A RZH MRC BAUX AT LA ] B 2, ok
25 HSCHEZ A RN RIS, /RIS RE T =
AIfEREME. SRS MRC BB W] R 1, L1
[FERY 530NN SRS ER N = R ) e T
Z 30 2 PR HEEE A4 4 Hotpot QAP BRI AR
ZAH R FRERLR, HHEFRKYE, JHEd
PR R, P E R 7R N TR R Pk
3% (China AI Law Challenge 2020, CAIL2020) [
FLER MR BR AR AR T 2 BRHE AT 55, R MRC %2
HULE 8] 25 I 230 P (] N 25 H 25 SR AR, B2 5 HEFR
A4S, CATL2020 [ 12 B HdE SR AR Bl an ] 1
Ji7R.

N T TR IS S IO R 1) AR B N SR AR 42
P, AR T — P AR S IE SR (Multi-
task joint learning model, MJL-model). %84 1]
FEBRERE: Bk, S M AR RE, 5IANZ kAT
B JJ (Multi-head self-attention, MHSA) HLiZ2 4
SO R R ) SRR, IR G R
FHEZ M 2% (Recurrent convolutional neural net-
work, RCNN)® 5 W i 28 ) /i dE A7 7 FE R A FLIR,
BEXTE BARIAZIRAESS, FIHRE S50 TR
WS & % )7 R R OB R DA RV R R,
FH L2 (R] AR AT 1) 0% 2 DA R FLAt SRR G R K

[0 &HHAEV: 20114E3H25H, (15 &% T gk R4
RIEABR AR TF R JRETE T A% 1 35 1l X MO B 8 vk e A ok
SR BRR IR L P B2105 5 5 R, 2] H, 3R, B
i I A BT LA PR R E B i B A IR AR, [4)15
HOIMAARR) AT (G—LEFIAED) 143, (52058 ik
TR EIR P TS 4 — L B, (6 IRA4E, (7)1 F
Tk FERHE (BB AR T-20114E12 A 31H);  [8)1FE RSk
i PRI 3 DA T I M, (9] At [ R A U] A B 45 T S A
T A AR 4, [10) 5844 2 HI54F, [LL] 4 5 RURFE A5 5 — ik
FH42 102887, [12]3 4 HIHAEEM3H1IH =3 15H.
Question: 1] & [F] 2 75 29 5 IR ?

Answer: yes

Supporting facts: 4, 6

Kl 1 CAIL2020 [513 28 fR E Sei 451
Fig.1 Sample of CAIL2020 MRC dataset

RE R R R E, IR AR & B P %% (Dynamic-
ally fused graph network, DFGN)!" 7E ¢ R K L2
I 2 BT I 8 P SRR, R S SR R &
o, B SRS E SRE IR, KMt
TGO 2], SEEML R 28 T 83 ) i 8 DA S 2B 3
WP IF28E . A CHE CAIL2020 5 HotpotQA a5
PR AR B EAT TS5, T TR S SR AR I
Z 5, W T 0704 Rk,

A SCH) EE TR LT LA

1) $RHI AR R R 9 1 SR IR R R R
J7iE, BALHET DFGN B2 SRAKTEIZ A

2) X UL RS I AR 2 R B SR AR IR AZIRAT 55,
Pt Z AT S5 I G o > 1 ] 1 LA Y

3) AR 7E CAIL2020 5 HotpotQA [5] i3 H fi#
AR5 BT 7 2 IO LSRRG, Sk T BT R AR 1)
A R A 1

1 HEXIIE

1.1 HBRAEEREIESE

VAR, ARG T R H T 24 KRS MRC
B, (e 7 MRC &K E. RACE (Reading
comprehension dataset from examinations)! &3
] i 25 g o DR 2 AE 2017 AR HE HH RS MRC
Hedn e, B R B b AR R S R, B
128000 f& SCEMGE 10 /742 BUEFE . SQuAD
¥ 4 B WH AR K5 T 2016 4FEHEH, FESRIET
536 Fe4EHE FTRLSCE, B8 T 10 T2 A Bl
] B 2018 EHEH 9 SQuAD2.0 #FE—H A Tk
BTk K, W EEILE T 15 A,
EOE A LE SQUADA T WIRARTE. 2017 &, |
JEE 08w kT FE A FOR A R A E s RS T



2720 H 3

¥ i

48 %

MRC #4544 DuReader!", ZE¥E I 5 20 75
AN A AT 100 35 A O SCRY, 1l @ 2R A0 45 5 1 [
BRE Gt/ 2018 F3E E R IR KA
25 B T AR K SA S HUAG IR T 4 L 7 R0 36 R 4
T2 RS2 B HERE MRC 3085 4E HotpotQA, 4
11 JIAN AR, SR AL A RN e R I 4 A
FERNE AHR .

M5 R AR Y

52 B R FAGETF J380 ) 5 B 250 4R (0 3K By, AR
ST R AT R T Tz B AT, AR A Rt
MR TT 1556 07 AT TIRARR.

7t BERT ST 4515 5 A 52 2 A, il
1) MRC FE8Y = BHAR R AR S LI S A . At-
tentive Reader!™ B YOI B ML B 21 (57 152 3
AT S5, el XA KR IR A2 P 2% (Bi-direc-
tional long short-term memory, BiLSTM) X} 3 % Fll
I AT G, T RS SR ). BiDAF
(Bidirectional attention flow)!" % MRC #&%4%l| 7
VAL T CY =N SN =Y TR = e A g i P o)
A HFER SN R-NET) S0k 796 354 2 1 4%
(Recurrent neural networks, RNN) 7 ] 52 3 i
SR A, R R P RN B RNN, ]
EEHLE EhAEGIE B EE. QANet! ##5F 7 RNN
=R Ni0pu i By AN L U ko AR L EA T SINEPE =W
BL 56 il g A, 3 7B 2 F ok 58 0 v A 2

H AT, TS5 5 B8 O Ry — Mo 1) B RS
543 (Natural language processing, NLP) 7834,
o3 BT F KBS AT B HEAT T 25, FFHRE
TEAE 5 B /N R B AT R, 43 T MRC A
FHIPRE K . Google T 2018 “E#EHH 7 BERT il
WERiE S BRAY, Z AR T Transformer 4nfih 2%,
SIS IE S (Masked language model,
MLM) Fl'F —#A)Fid (Next sentence prediction,
NSP) {£%5. BiJ5, 2019 4 Facebook /£ BERT K]
Hfh B3 H T RoBERTa (Robustly optimized
BERT approach)!"™ #5784 & Fil /b LY BEK FH 207
ARG 7 F AT, [FIE X4 | NSP AR5,
R, TNZRiE 5 BEALESR iR NLP AH AR 55 RUR
[FIF, 3N 7 A S BRI R . XTI L )
i, Google X AE BERT {4l E#i T ALBERT
(A lite BERT)™ BE5Y | FA ] 1) & [R] 3073 @ AN
5 EZHILE TR TR S HOR, RN
B AFFNF T (Sentence order prediction, SOP)
155 —b il 7 BERT 581, 2019 48, HEHEH
TH I ZRE S 4 ERNIE (Enhanced repres-

1.2

entation through knowledge integration)!", & i#
RE R SRR AR R IT T RS (MASK),
PR AT DL 5] B LE B AR ANE SUROBOC R, 42
& AR FZ ALEE /), ERNIE 78 9 U455 4 T
B T BERTEAY. B, Wa /R VE ol R 2RI
BRI ERA T H L RoBERTa wwm _ ext? f#
A e A RS (Whole word masking, WWM)
R B BERT A, £E 2 AN SUAE 25 A5 3
TR SR AR

Z kAR IR AR A
2 B EORMARAE 22 SO rh SR AR I3

1.3

TN RESHZAE S IR T RERAHF. CogQA
(Cognitive graph question answering)?! #37 | —
AN B (R T B TN RGUORZE —
SR, Gt 1 I SO, Hl S e A5G )
SRR R EINE R 2 R EEE 4%
(Graph attention network, GAT)7EH & HIIA K1 &
i EREATHERE, Jf R & 8. DFGNIIE T 3)
ALK IS GAT 7SR B AT HERL. [R],
Bt 7 AN A AR e SR B A S T 2 TR A2
H1. HDE (Heterogeneous document-entity)® ifi
IORERE =Wk I =B N vt N LT N = D e
R B OC 2R, A A XS R T — A i
K, st BRI & N 4% (Graph convolutional
network, GCN) 7£ 744 ] E b7 HERE, G35 Rik
#&. QFE (Query focused extractor)® ¥4 Fy Bt 4 HL
£5%5 5 Z BHE AT 53T BRA 2% 2], fiTF RNN R
IR I 23 H 4], SAE (Select, answer and
explain) ™ Wit 17— HOR I g SR 5
FRIG R A, FER v Bl 2 B HERE YN E 5%
BEATEC A DU, 78 2 B HE AT 55 R SO ) 1 2
[A) ) ok R i ok R, #EM A A GONFE R R E E
BEATHERE.

2 fRAE

ARSCHEH A MJIL-model #5752 B i o 1Y
Jr Bt E e 7 UL R ) R DL R RARIEAZ AT 55
BATERE AL 22 20, TR T — 13 213 1) 224 55 1)
LR AR, RS 2 PR, AR
s B R 2 BEELE . T E . TE SR
2, #TF MHSA J2 RCNN SZHL 7 X6 W A5 2 0] B3t
Iy KRG AEZBRHERLZ, A A A) 4 A L
ARG SCE & A N4 b INFTE]S ZH 2L
R E R D R E R A R AR R &R, AL
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i Start
I
B End
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I
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| mmem | |

| i O zBEmE

BES S 3

| xxE | |

it )=

i ﬁ |“ﬂ %E [CLS] I%

K 2 MJL-model Fi%45Hy
Fig.2  Model architecture of MJL-model

S WAL PRSIV S SIS PS
R, T RPKER KA KL DFGN #H8 E it
118 RAKIETZH.

2.1 4REEE

S L J R SC A il LR A B R] R A 21—
en 2 PR 1) B (), BRAS RS T B TR A ] RO
AAFH RoBERTa_ wwm__ext(l = 12,d = 768)
R RIRAG L E P AR O K AR oR, 1R
Beoml = H, d AQRFRGEZ K. Bfkdn st (1) Ak
(2) Frow

input = [CLS] + P + [SEP] + O + [SEP] (1)

x = RoBERTa_wwm_ext (input) (2)

Heinput %78 RoBERTa_wwm__ext 544 1%
AN, @ R CEM A EE 12 F R ERs, A 0EH
A 4 JEAE S0 E R ) ) A RO u, W (3)
= (4) Fros

wz{wl,w2,~-~,:cl}, =12 (3)

u = Concat ([a:]ﬁ_?)) (4)

2.2 [O|EREE

AR ] R Y 4y Ry v Bedh B (Span) AT
ORI, ool m 2R R o 2 /5 (Yes/No) 2K,
ANAT A% (Unknown) 25, Span 8 ) @ (12 £ 4
A — DB, Yes/No Kin @ 1% £ 2 yes 8
no, Unknown 2w 8l ()& % /& unknown. £1%) %4>

R IR, AR SRR T AR AR T5 7.

1) Yes/No 2
BEXS Yes/No Jela) i, R 7 AR 4 S % oK [nl

Z R AL, BB RAE R R BRI,
11 7 2l 1 2> A) FHERAR 2. ASGE 5] MHSA
124 SCFEH Yes/No R CFLER, 4
JEAF RCNN SEHAZ A ] ) 3 6. MHSA
E XN )
. QK
Attention (Q, K, V') = softmax ( NG

head; = Attention (QWQ, KWE, VWY) (6)

)V (5)

K3

Multihead = Concat (heady, - - -, heady,) (7)
;H\:EF', Q c Rnxdk7 K c Rnxdk’ V c RnXdk7 Q’ K’
VN u i ilEs wl, wE wY St et n e
3|, WO ¢ Rédxdi WK ¢ Ridxdi WV ¢ Ridxd,

BARTE, A SCR g s 245 2 8 1) 8 5 S0 1
FAFIEE wii A MHSA 15237 1) 7 A7 A R &R o
u’ = MHSA (u) (8)

R Ja i RCNN M4iE$% (Dense) EREAT
K, 153 0] % R yes/no FIMEER pyes /pro, BAk
i (9) ~ (13) Fios

u’ = BiLSTM (u/) (9)
y = tanh (Concat [u”, u']) (10)
Yy = MaxPooling (y) (11)
p*" = Dense (g) (12)
P, py =p" (13)
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Eitd 48 %
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2) Unknown 2

TEML S ) j ) A 6 i) AN ASOAR 8 S 3 2
EAS BN EW. 0 T IS a3, A58 A% AR 46 ] 2
EEF e m) i, A SCH [CLS) A7 B A5 gmtis )2 15 2
1Al B e SRR 24 HT 4 N B S A R L, SR S N
—/NWe e R*¥1[}] Dense =, 13 2]% %2 unknown

[RME 2R punknown - BLAARTHER AN (14) A3 (15) Biow
p° = Dense (c)

{ punknown} _ pc

(14)

(15)

3) Span

Ef 4 Span 2R, T ERIE R LEFM
— AN B, B T AR ) L L PR Y IE
E R TR B R AL B A OB g 215 E
7] J R SCEE A PR =R OR u, R SCE P
o DNFRHIGIL I (w1, uo, -+, un), w; € R, R
JEFE GRS 2 J5 VR N — A W € R4 ] Dense 2,
RAFHL s, 8 s REBERBALE N IF IR
Eps, B E M (16) X (17) Fow

s = Dense (u) (16)

, Dyl (17)

FF, AT — We e R4<L ] Dense 2, 3k
050 e, M HL e KRBT E B 45 R 2
pe, Wk (18) M=K (19) Fiow

pszsz[p‘ls,pg’

e = Dense(u) (18)
pe:e:[pﬁapga"'vpi] (19)
2.3  ZHHEER

AN RBER LR LT DFGN #AL it
172 BRAEHE ) R A R, 2R E WA 3
FN, F2 AR G B 21 00 R R Ml A 22 kAt 2
oy

TERBER KRBT, Bite RN ERRRE
L FF—A) 7, LR AZEFE T AT F—HA)F
HIER VAR FHMHEAEESR, HUXRE
I8 T AFAER)E R R I E R DA KT n 2
=, Hdn =0.90, AR KRR TR RS
ANF R R IIE.

1) RELER K RE M

XTT CAIL2020 A SCHR 4, A SCEH B T
PR LAC! T HMSCE AR, Hod, A4 41
21, i TA AW FER SR E R, RIER
KABRHSEZRZ MR RMATIED, fEMEX

Sup

*

RIREZ R AR

%4;% D Cﬁ .....

= HUE > 9

SLE

3 ZEkEEE A K

Fig.3  Model architecture of multi-hop reasoning layer

RPN, ARSCRA T UUR AU a) [F/—A BT
A BERIATIED; b) ANFAFH B R E RS TE
W e) AT HSRAFRA)FZ IR ERBER, AT
HTYARFAATFHEERZAMMLE. 155, FH
BERT 43 2 2500 B3] 171 &, 28 5 R F R a2 AR AL
FETF WA ZL R Z I IAALEE, dn Sz AR AU KT
n, WX A ERIED; d) HARA TR D ER
AERNERR, WNEEFAE R, 1, K CERYE
)5 AT RIS AR S AT BRI A B,
SRJE 48 DDParser® 15 21Z F BRRIKAE AL R R,
USRI R 2 AFAERER R, MEER AN E R,

XfF HotpotQA H#E4E, A T spaCy?
MOC AR ] MBS N 44 SR S O R
BRBIMIKGFAEXR.

2) Z Wk

AT O ) R B E 2 Ok R A DFGN
HEAT Z Wk HERE, BARE R an T

BB 1 AR SCIERE FAL BB BeA 2 T B A
BHM M 57 BHME B, Midx T BN EER
1E input FRIFNALE, Bidx T8N F1E in-
put FHIANAIE, M5 BHHILE N 0 5 1.

Hh, M RN—A w x g (5, wFR L E T
K EERANEL, g o input ITKSE, M FAERER
1E input FIIALE R s; ~ e;, W M; 5, ~ M, ., FE
N1, M, FHRIHERERN 0. BA—A r x g RHERE,
r FoRLEFRA)TFAE, S TFAERAT kAL in-
put FIHILLE N s ~ ex, W By s, ~ By o, W{EN 1,
By, THHAKMER 0.

! https://github.com/baidu/lac
* https://github.com/baidu/DDParser
* https://github.com/explosion/spaCy
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SR S ERMVERFE MBEMEEEER
78 input FIIFARANLE s; ~ e, TEgILZ1HE] T in-
put PEEN AR F R ERR u, WER XN 7
FFEREN U = [u,,, Us, 11, -, Ue,]. ALIHIL K
(20) 1F 2RI A & h, YIHEHKKERXRE
W B R IE R R,

h = MeanPooling (v) (20)

1% 3. il id MeanPooling 15 2 7] i 4] 7] & q,
SRJETHE G 2 B A AN B G T v R )R DR BE 43 2K
m = [my, ma, -+, my), PRI (23) 53] %A
BRRT MBPRER R b/ TR e HE i A2 A
BN OG5 ] A G 1 2L 3R

g = MeanPooling (q) (21)
m = Sigmod (qE{z) (22)
Vi

hl = [mlhl, mghg, Ty mwhw} 23)

Hrr, g RoRilid s )= 2 1 0 - n &, E2&—
AN ERMEAR AL FE R

BB 4 T RBE R R RRIHT Z .
e, MTA] R R ) AN BRI AR HESE ) QR AE R R B
RRARE L ZERAENNMER. REE
THREEAZ B VER 1708, R B R RFIE R R,
R TAE R ER i, HARSTE RN N, MR i1
EEARER (24) Ak (25) Bl

eij = ATWh|Wh]], jeN, (24)
o - _XP (LeakyReLU (e;;)) (25)
Y exp (LeakyReLu (e;1,))

kEN;

Her, W eRFXF, Ac R W, A AHATTI
G MEAR IR, ey FORPIANEEZR Z I8 (R AH CFE
D 0y FOREER MW T HAARE R ERE 1R
HARH

Bea, i (26) R ER | BARNHIER
N hy

hi =ReLU [ Y a; W"R] (26)
JEN;

HIB 5. H5e i — I HEFR, ff ] Bi-Directional
Attention BT )@ (1) A KR, REEIT P 3
THROCEREE R R R BN R 0T 2400 1) & m) == 1)
FHIRBE AT H m, FEARTE m 558 R R EI 2 R AL
TR,

e, AWEE LIRS R E R K RE
FE RN IER R,

2.4 FUME

T 22 T2 25 1) R AR 2 A K 22 kA 2
JESEPL TR Span 2. W R i @ DL K B R AKYE 42
PAES5 IR

1) Span B 12K n] LR

AR SCAE TR R AT 31 1 UL R 1) R A 25 SR
R, R R X e R ARAE Y Span 2 r) @ o i) 2
FIT R R A RAL BRI E] Span K@, 5
Span K @ — &M%, W= (27) MK (28) P,
o pstart | pend 53 53l R on B AN EAF VB RITUR L
BMEERALE IR, n RoR LR

start __ {punknown7 P, P, ps, e pr} (27)

P =
P yes’ pno, p‘i ) pf],} (28)

Xt F Span 2R, B FE SRR LE M
—A B, BRMEFREWRELI<bS f M f<n,
Hb o FRBERIFIRALE, fRRE RN RN
B, RSCKIF AL B NS A B IR 2 FIE NS
ZMEEE. 78 Span KMt 56 IR ZMFMER—
B 2, AU G R R IVE N Span
e P SRS G e VIR ey 15 PR A S
B R AR SO S ) 2R 1 2 £ N
TR, G NN R IR RS ZM R KIIE
NIRAE R, BARTE WA (29)~(33) B

Answer start end
pSpan = argmax (pb + pf ) )

end unknown
={p D

1<b<f, f<n (29)
P = %2 (30)
PR = x 2 (31)
P, = P 2 (32)

Answer . Answer

Answer Answer
PpAIY — argmax <l Ppan > Pes ]) (33)
Do » PUnknown

BJE, 2 pArver = phnever IR R RRAE 5 5 1078
g B AR S E I s B E N IR A S
PATYT = YT, BFY “yes”; HpArver = plisver,
RN “no”; Hphnsver = pnswer LN “unknown”.

2) & FMRAEIZ Y

Al ZBRHERAG B 1 R E R K R E P
MNERIRERR h, S B ERA BRI M3 T
LEF BRI m) R, IR — @ KR
1E1ZM 4% (Long short-term memory, LSTM) 75
N E PINFHERR z. RIEGEEH T EER B,
JHIT Mean-Max Pooling 1533 % P /1 r M) FHY
FHIERN 2, BARTHE N (34) #15X (35) Fiom
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S 48 %

z =LSTM ([u MBTD (34)

% = Concat[MeanPooling(Bz"),
MaxPooling(Bz")] (35)
SR Dense Z438] r ANE) 15T 7] A AH
RIEIHCH, AL ¢ RFZSBEAF) 701 30 7
SCRRE pre, B (36) A (37) B

t = Dense (2) (36)
PP =t = [y, py" e, D] (37)

SRR pP > 0.53 HI6) T Jy SO i B2
M.

3 SCIg

3.1 BUE&E

A4y BIAE CATL2020 2] 52 P AR % 6 42 fi
HotpotQA ##i 4 E#kAT 1 S5,

CAIL2020 [ 52 2 A 24 S 045 I = TR A
AT 3 R SIS, AR AW K Span 2K,
Yes/No 2Kl K Unknown 28, HAFAN ) @A 55 2245
WA RIKYE. BARTS, PR, FEESSR
TR s B2, BN 5 2 S A R IR
5, RITA A ZM A9 '5. T H T CAIL2020
R TSR, A b5 R4, 758
B0 R SCAR A 25 v 0 A Y A A A B i Pl
M4 1 e o 1 I ZREE S AR

HotpotQA #dfi4E 5 CAIL2020 =]k i A7
s R AL, AN BHE S AT 55 T SR AR — 3
HotpotQA ##E4 AR B2 L T 10 73L&, i
R HE Span KA Yes/No 8, ZLR X & n)
Ry A R E RAKIE. A CHE HotpotQA Dis-
tractor W iFEE kAT T 286,

3.2 TENIERR

SEIG R R EN Fa AR ELFE 3 A4, 43572 Span
AW ARG FLE (Ans_ FL1) B RKIETZHE
£ K F1LAE (Sup_ F1) PLEPH MBS F1E
(Joint_F1).

Ans_F1 iR (38) ~ (40) Fios

We

Precision™™ = (38)
Wp
RecallA™ = %< (39)
Wg
Ans Fl — 2 X Precision® x RecallA™ « 100%
ns_it = Precision®s + RecallAns ?
(40)

Hop, we RoR TN R 5 H L& E P FE 555
B, wy, RN TN T E B PR, wy FoRHSE
RIS R

Sup_ F1 iHEEFEIN (41) ~ (43) P

TP
PrecisionS = TP+ FP (41)
TP
Recall8? = ——— 42
ced TP+ FN (42)
2 x PrecisionS™ x RecallS"

S F1= 100%

U PrecisionS% + RecallSwp % ’
(43)

Hrp, TP RIS =5 B SE 2 R N A
F) TR FP R TN 52 S AMH A A
SE SR )T AL FN RORTRINZ AR A
B LS S SO A I ) 4L

Joint_ F1 [P SEOEFE 00 (44) ~ (46) Fios

Precision™™ = Precision®™ x PrecisionS* (44)

Recall™™ = Recall™ x RecallS* (45)

2 x Precision™™ x Recall’™
Precision’oint + Recqlloint

Joint F1 = x 100%

(46)

3.3 EZkRA

SR 5 MR CATL2020 $idE 4R 17
AR, 73

1) Baseline BERT (RoBERTa)*: CAIL2020
e L BT S5 R LA HE T BERT B [ S HR A A Y ;

2) Baseline. DPCNN: # MJL-model £ % s
] RCNN # ORI & 7 3 B R &M 2% (Deep
pyramid convolutional neural network,
DPCNN)#;

3) Cola’ (Single model): CAIL2020 i H fif
PRATRER 4 4% P TR,

4) DFGN _CAIL: #%Hf CAIL2020 ) %5H #%
i, BT DFGN HIHE AL 2R 55

SRR A 4 MRS Hotpot QA #idi 42
RISEEAR T 350

1) Baseline’: HotpotQA [ 135 B AT 25 $2 L 1)
T Glove (Global vectors)® [ [ 135 2 fg i3 7Y ;

2) QFE: i F = LA RNN ZEAT HE 22,
I¥s v Beh i S 2 BRI AR S5 3T BR S AL

3) DFGN: AR5 SE A ] (¥ 9% 2 44 3 2h 25 S 4
* https://github.com/china-ai-law-challenge/CAIL2020/tree/master/
ydlj

* https://github.com/neng245547874 /cail2020-mrc
® https://github.com/hotpotqa/hotpot
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(&, J IS GAT £GP AT 2 AR
4) SAE: FlI I SCRE A A 9% SR M3 56 R A,
Bt GON f£K R B EikAT 2 BhHEE.

3.4 SLIEER

1) CAIL2020 ##£E segmah 3

X CAIL2020 F2 ik i FE 2B A ST i) K
7 BERT base fl RoOBERTa_wwm _ext /EN
R gm i 45, SRR TR S8R E,
HAKN: Ir = 0.00002, epoch = 10, dropout = 0.1,
batch size = 6, seq_length = 512, SZIGgE F a0k 1
Fros. B3 1 AT LLE ), Baseline. RoBERTa f&4!
ff) Ans_F1 M tt Baseline BERT #7% 1 1.41 4
B R, Sup FLUIERE T 5.37 NE A, Joint Fl

FHI LTI R T RoBERTa_ wwm_ext fE
NG AR B S2 e 45 R BoR, AR SCIR H Y
MJL-model BRFE 3 WIEA 5 b5 L ZROL T Pr 5=
S it

# 1  CAIL2020 HIHESLIEE R (%)

* 2  HotpotQA LI LR (%)

Table 2 Results on the HotpotQA dataset (%)
FLR Ans_F1 Sup_ F1 Joint_F1
Baseline 58.28 66.66 40.86
QFE 68.70 84.70 60.60
DFGN 69.34 82.24 59.86
SAE 74.81 85.27 66.45
MJL-Model 70.92 85.96 62.87

Table 1  Results on the CAIL2020 dataset (%)
[ Ans_F1 Sup_F1 Joint_ F1
Baseline BERT 70.40 65.74 49.25
Baseline_ RoBERTa 71.81 71.11 55.74
Baseline. DPCNN 77.43 75.07 61.80
Cola 74.63 73.68 59.62
DFGN_ CAIL 68.79 72.34 53.82
MJL-model 78.83 75.51 62.72

2) HotpotQA #4525 45

[FIE, A CAE HotpotQA Distractor ¥ iFE4E b
BB RE TR U7, H MJL-model #51%
53447 DFGN. SAE £ 4 M [H ) BERT _
base uncase BAE AL 2.

H# 2 AT DU Y, ASCHR ) MJL-model £
MK Ans_ F1 MLE Baseline B85 1 12.64 N H
4305, Sup  F1 85T 19.30 NE 4, Joint F1

#4LT Baseline. QFE. DFGN, 3£ H Sup F1 T
P SR 2 A Y. AN [ R (g Szt &8 SRR B 7 A SCH
H B MJL-model #5Y frA 250

3) SEEGHHE S b

T A3 AT AR R (1 S 00 48 SRR BT R D R A B
£, KIL MJIL-model BEAIFEH, Je U HHRAE B 1%
PAFAE— e ) HARIR R G LR 3 AN J7H:

a) BUREFEZER. CAIL2020 $¥i % R iE

T g SN — R SCE RIS AR A, A
ARA) FAF AL BRI SRV | HA) 7 [a) BLFE 1 AH 7] 1]
ICHUD; Hotpot QA $idfs 48 Hh (1) 5% ) T ARG kST
FHAR ) 1A SRR AR 55, HASRA)F AR 2 1
A 7] F 35

b) B LA 2ER. BT CAIL2020 Hi4E T
AN [E) ) 8] R AR [R1 RV D R )35 9% R ok 1 5
AN A A) - (B R &R, m DAgE— 2035 WA A 3
HZ % 4], HotpotQA HUREH FE T — M i 4 52
AN 44 1] 1 B3] AN [ ) - TA) A [ SIe 4k K B i) L 30
IR %, AN TR 5 B) RO AT, R R
B D HH A F AR AL R R,

c) AES T LRAFEE R, HCh)iEatr TR
AJ LA BT @ 1A i 44 SRR R] AT G Ry TR
)50 M B SpaCy. Stanford CoreNLP &57E i3t
AT AL BT IR A2 DA R IRDRLFE AT 1, AN BEHF i 44 5K
AR — AR EEIE.

(Rl R SCHE H R AR AE SO i 45 L Re e
R ZM RORR, LIRS R LI i R 45
RELE

3.5  HERSLIE

N T VA AL 5 AR DT, AN SO
177 BAN R sE g
1) Question answering: ¥ F B BRI 2K
i) R D BT 5 HEAT SR
2) Answer _evidence: 42 KB IZ AT 5 AE
N AR S5 HEAT SRR
3) ~MHSA: Zdsi) @ AR% =2k |5 iE
71;
4) “RCONN: 2 f5i o] AR 2 2 b B 31 45 R A
2GS
5) ~Syntax & Similarity: /EMEERKRE
I, s S5 B B )9 DU SR R &
FARIH fb S0 45 Rk 3 fos.
* 3 LIGEERTIR, Question  answering [
Ans_F1 Y5 Answer evidence i Sup F1 #Htk
MJL-model # N T 2 M2 {0, IEW] T 24E55

il
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# 3 HRESERE R (%) I" N
Table 3 Results of ablation experiments (%) | SR T S5 R AE2006 T2 TH i R T o, IR |
| LT, 128 |
Y Ans_F1 Sup_F1 Joint_F1 y T 14.9, A 12.8. |
= - - | NI .
MJL-model 78.83 75.51 62.72 | !
westion  answerin . _ _ | Question: (1% tiop S 445 0 AR FE .
Q g 76.36 !
- I Answer: 12.8
Answer_evidence — 73.42 — N !
a
~MHSA 76.28 75.11 61.16 ,________________E) _________________ .
~RCNN 75.96 75.05 60.96
Somtax & Similarit 761 130 60.80 WA AR T B R AE20064E 127 7 H B 54 MM SN
—Syntax imilarity . . .

WA PR A A 20 5 A o O 1) AR R, Fe e
MHSA J& Ans FL BT 2.55 NE s, 245 RCNN
J& Ans_F1 FB& T 2.87 ANAS R, Sup FL ) Joint
F1 A B2 TR S0 R R ORI, s
RAIMANER RUSARBE R R, Sup_ F1 F%
T1LI2AES A, Ans F1 R T 1.22 NE 5 A,
Joint_ F1 NI T 1.92 ANE 75 . @i v il s 5e
S5 HT, R T AR ST IR D AR R

REFYME S

AT HE— B MHSA HLH R A) 5 6 20 5
TIZE L2 AR SO AN FEG 1) e A2 b AT T
AR RN, BAREEBI I 4 ~ 6 FTw.

3.6

{ Question: xIfEHEFIEIEHG 4 1R A T FHEX T A T 27)
| Paragraph: 3422 8\ 3 B PN 23 (5 201541 30 i
| RIS S 4 15, 4 B A, (£
T e £ 3 R v 7 S £+ |

i Answer: No

____________________________________________

~

! Question: 1 fEHEFIIEH 4135 & 75 3 AHER T M T 7,
| Paragraph: Y22 B I VeI 2 (R 2015451 H 30 I |
s R, > S O, (7 |
R A 9 LA 07 s R ;

i Answer: No

____________________________________________

Bl 4 JERJAT RS

Sample of attention visualization

1) B4 237 9250 B o 5 ) gt R A
B B T AR, b gt R, AR E
R IAUE R, TR E A R E 2. [ 4(a)
5N MHSA L7~ Bl 4(b) 2 MHSA
GIKHEER

AR, BIN MHSA WL G, AR A S (7]
o IR AR, T ELAR R SR A AR TR R
T, Ban “dBBE”., <" 1 2 MHSA AL
Ja, BB ST “3C <17 <SP ZEAE A B

Fig.4

, HEi 14.9, AR 12.8.
N

___________________________________

K5 REREZ R ERB

Fig.5 Sample of related element graph

ety 1.00

B [0%
0.50

-0.25

-0

- —0.25

-- [70.50
-0.75

.

PRI 5
PRIz
TR
gk
Pk
15.2
i
14.9
ARy
12.8

20064127 7H

K6 2B S AT AR

Fig.6  Visible sample of multi-hop reasoning attention

(R, PR R R S R R I R R D R, 5l
N MHSA AL AT LAASAR 5 5 47 b [m] 25 00 i 28 ) .

2) B 5 s SER R — AN JSE A
BUE RO R BREE R OC R BRI, B 5(a) RS
FJVE R RN E A PUE )71, Bl 5(b) 8 DFGN
A LR )

5(a) AR AR SCHE H I DGR UK & 22 R 3
TR, AI1R3] “15.27. “14.97. “12.8"fEA)%E Lk
AR R, Ui i A <A 18] AR L
FERT m, ARG R B R X 3 AN ERIE
B BT B, B RS E R RIBR K,
BE LB R-Ki-12.8" KR K K. B 5(b) XFH
F& T A — &) i B AT 3 DA SN [ ) A [
TR, BhZ RSN B S ERME R LR, FRT,
N R WM R s HE R R R 2 (A K
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R, BT R FE 2 B R = T A
k., W 6 Fros.

ME 6 FTLLEH, “OREH7 5 <, “Hhim”.
“15.2”7 SFER BARORICHE, NS “15.27,
“rpam . CORuT SFELER R OCHL, “Humr g il
U7 “15.27. R SEERAEEIKR, K’
5 oerpigr, 14,97, €12.8”7 BB EGR. B
R, MTUARE— B B 5 R fl “12.87
MR R. Ik, ASCHH I RBREL R K R K RE
B R SRt R

4  HRIE

AT X0 5] T BRARAT 55 H (R R 2K Il D R
FWBZI I, 18 7 —MEET MHSA 5
FIVE R R R 2 AT 55 ) e AR AL g 5l A
MHSA F1 RONN, ek 17 W s 28 1a) i i i 2 9 7%
FIRAERRZ S HME R R AW RRKRER KR
B, JF 5T oRBRE R O R E AT Z Bk, fRqb T
B FMARIZIRAAY; B 51 I AME S5 AT B S LA
2], HEAL T EET 2 ARSI G S 2T B D s P AR Y.
7£ CAIL2020 5 32 # i £ 4 2 A1 Hotpot QA #ids
£ FRI R INF, BGAIE T BT 51 B R

TEM A2 i, BT MHSA FLI2 48 S
T O SR ] R ) SC R R R T RE I AN 7 . AER
K TAEA, 223l FH B 2 X 26 Sk i3t — D 4248 5
O RSO R B RARYEAZ IR XS T 7] 132 2 A
T ket B B L, N — M g5l A — L2245
SR E BT HE T VR R R R A AU B K
eI Erot LRI
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